. List of wildlife species from which samples were collected for this study, identified to genus for bats and rodents, and common name/species for birds, carnivores and primates. Table S6 . A) Asymptotic estimates for the total number of antibiograms in each epidemiological compartment. Red, Chao 2 asymptotic estimate; *, estimator did not show asymptotic behaviour. B) Estimated sampling effort for each epidemiological compartment. Abbreviations are: t, number of samples collected; T, total number of incidences; S obs , observed species richness; S est , estimated asymptotic species richness, based on the Chao2 estimator; Q1, the number of species represented by exactly one sample (''uniques''); Q2, the number of species represented by exactly two samples (''duplicates''); q0, the probability that the next observed sample contains a species new to the survey (i.e., the proportion of species in the next sample that are new to the survey); g, target fraction of S est that is to be reached. The entries in each ''g'' column represent the number of additional samples required to detect that proportion of S est . The estimators for environment did not show asymptotic behaviour, and as such values marked with * are interpreted with caution. 
A) B)

Supplementary Methodological Appendix Study Design
The UrbanZoo project, based in Nairobi, Kenya from 2012-2017, aimed to utilise a landscape genetics approach to understanding the movement and sharing of pathogens in a major developing city. A key component of this project, within which this study was nested, was the '99 household project', which focused on informal livestock keeping practices in urban households as a route of zoonotic disease emergence in humans. As such, households were selected with the aim of maximising the spatial distribution and diversity of livestock keeping practices across Nairobi, and were chosen to capture three main criteria: socio-economic diversity, population distribution and livestock keeping practices. Geospatial mapping data, generated as part of a technical report produced by Institut Français de Recherche en Afrique (IFRA), was used to identify 17 classes of residential neighbourhood in Nairobi based on physical landscape attributes, which were subsequently verified by 817 household questionnaires 1 . Each of the 17 classes of neighbourhood were then ranked by average income and reduced into seven wealth groups. Administrative sublocations were mapped onto each wealth group, identifying a total of 70 possible sublocations, for which dominant wealth groups were calculated by extracting the proportion of population belonging to each neighbourhood class within the sub-location boundaries (Table SM1) . A total of 33 sublocations were selected to be included in the study, with the number of sublocations belonging to each wealth group chosen proportionately to the population density and the variety of neighbourhood classes in each of the seven wealth groups. Final selection of individual sublocations was aimed at maximising areas with high livestock densities, whilst ensuring coverage of other neighbourhood classes and geographical spread.
Field sampling was conducted between September 2015 and September 2016. For each sublocation, three geographical points were selected at random within the dominant housing type. The order in which sublocations were visited was randomised. Local officials assisted in the recruitment of a household closest to each geographical point, to obtain two livestock keeping and one non-livestock keeping household per sublocation (a total of 99 households, 66 of which kept livestock). Households had to meet strict inclusion criteria of keeping either large ruminants (cattle), large monogastrics (pigs), small ruminants (goats/sheep), small monogastrics (poultry/rabbits), or no livestock species. To ensure an equal sample of both cattle and pig-keeping households, the combination of livestock keeping households represented in each sublocation was randomised, and had to consist of either large ruminant and small monogastric, or large monogastric and small ruminant species. For sublocations in which households keeping large ruminant or large monogastric species were absent, a replacement household keeping either small monogastic or small ruminant species was recruited. Rodents and scavenging birds were sampled from abattoirs in Nairobi, which were selected as part of a separate value chain study conducted as part of the wider UrbanZoo project 2 .
Data Collection
Sampling. Two dedicated field teams were responsible for collecting data on humans, livestock and wildlife in each household, consisting of veterinarians, animal health technicians and clinicians. Informed consent was obtained from human participants, who were invited to submit a stool sample. Up to 20 rectal swabs were obtained from livestock species present in the household (ensuring that all species were represented in the sample). Rodents, bats, birds, small carnivores and non-human primates (NHPs) were all targeted for wildlife sampling. Rodents were trapped using medium-sized (23 cm x 7.5 cm x 9 cm) Sherman live traps (H. B. Sherman Traps Inc., Tallahassee, FL) or Victor lethal traps (Woodstream Corp., Lititz, PA) that were baited with dried fish, placed against walls throughout the household and livestock keeping facilities, and left in place for three nights. Where possible, traps were set in each household for all trapping nights and checked daily. Mist nets were set at dawn to trap birds, with nets being positioned outside the house and around livestock keeping facilities. For household compounds in which bat activity was deemed likely (as judged based on the presence of fruiting trees and/or 'flyways'), mist nets were set at dusk and monitored for two hours. Where security conditions permitted, a remote bat detector (Song Meter ZC, Wildlife Acoustics, Inc.) was placed in each household compound for a single night, to monitor ultrasonic bat activity. If members of the household reported seeing small carnivores (such as mongoose) then Tomahawk cage traps (Tomahawk Live Trap Company, Tomahawk, Wis.) were set, baited with chicken and monitored regularly for a maximum of three days. Where NHP activity was reported at a household, wire-mesh live-capture traps were pre-baited with bananas for a minimum of three days. Traps were then set, and monitored regularly for a maximum of three days. Due to large variation in the size of household compounds, trapping effort (i.e. number of traps/mist nets placed per trapping session) was maintained such that it was proportional to the size of the household compound. The number of wildlife and livestock sampled are presented in Table SM2 .
Once caught, all birds, and all but two bats caught per trapping session, were live-sampled in the field under manual restraint, before being released unharmed. Morphometric data was collected for identification purposes, and a suite of biological samples (including faeces if available, or a rectal/cloacal swab) were collected from each animal. All live rodents (except for individuals belonging to the genus Cricetomys, which were live-sampled under anaesthesia) and up to two bats caught per trapping session were transferred back to a biosafety level three (BSL3) laboratory, and humanely euthanised by cardiac puncture under isoflurane anaesthesia. Species identification was based on morphometric data. A full post-mortem examination was then performed, with fresh faeces being collected from the rectum. Rodents caught in lethal traps were also necropsied in the laboratory following the same protocols. Faecal samples were collected non-invasively from small carnivores, by keeping them in the trap for a maximum period of twelve hours. NHPs were anaesthetised where trapped, using a combination of Medetomidine and Ketamine (under the supervision of a Kenya Wildlife Service veterinary officer), and morphometric data and a suite of biological samples (including faeces if available, or a rectal swab) were collected from each animal. The primate was carefully monitored throughout, and anaesthesia reversed using Atipamezol. Carnivores and NHPs were released unharmed at an appropriate time of day, from the same location at which they were trapped.
Pooled samples were collected from scavenging and water birds, by positioning tarpaulins under roosting sites located in tress in proximity to household compounds. Clean tarpaulins were either left out overnight (or monitored over the space of ~30 minutes during the day), and any fresh faeces that were present at the time of collection were pooled into a single sample. By restricting pooled sample collection to different sections of tarpaulin, we ensured that individual birds were not represented across multiple samples.
Outdoor environmental samples were collected from livestock pens and around the household compound using boot socks 3 . Water samples were collected from puddles and flowing water (i.e. rivers), using falcon tubes and modified Moore swabs respectively 4 . Moore swabs were formed from a tightly rolled piece of dishcloth folded horizontally in half several times and tightly rolled into a cylindrical shape. These were suspended in running water using fishing line for roughly 24 hours. Questionnaire and sample data was recorded using Open Data Kit (ODK) Collect software 5 , on electronic tablets, and uploaded to databases held on servers at the International Livestock Research Institute (ILRI).
Household questionnaires.
A nominated member of each household completed a questionnaire, detailing i) livestock ownership, management, sourcing, sales and antimicrobial use, and ii) household composition and socioeconomic data. Abundance (counts) of livestock species and humans were derived from this data for each household. Household composition and socio-economic data were used to generate 'wealth' and 'ruralness' indices for each household sampled 6 . These indices were calculated based on methods used to create the Demographic and Health Surveys (DHS) wealth index, which is derived from a Principal Component Analysis (PCA) of easily measurable households assets (such as access to water, construction materials and ownership of livestock) 7 . A modification was made to the original set of household assets included in the DHS index to better capture household variation in Nairobi. All field data was recorded using Open Data Kit (ODK) Collect software 5 , on electronic tablets, and uploaded to databases held on servers at the International Livestock Research Institute (ILRI).
Land-use classification. Nairobi is characterised by a large variety of land use. Land use comprises the biotic and abiotic niches within which hosts exist, and was classified for each household. The boundary of each household compound was drawn in ArcMap, and a 30m buffer created around the perimeter of each compound to represent the landscape surrounding it. A buffer of 30m was chosen to reflect home range of common urban rodent species (Mus and rattus spp., estimates of which vary from 1m to 30m) 8, 9 . Visual classification of land-use types within the compound and buffer area were conducted at 1:500 scale on a 1m resolution ESRI World Imagery satellite-image available in ArcGIS 10.5 (ESRI). Characterisation of ecological characteristics along a perimeter around the household compound was considered as important, because the ecological setting within which the household exists extends beyond the boundaries of the compound. The extent to which this influential area of habitat outside the compound extends is unknown, and as such it was standardised across study sites. Within the boundary, the areas of nine different land-use types were visually identified and sketched as polygons; waterbody, wetland, crops, mature trees, shrubs, grassland, bare ground, artificial ground and rubbish (descriptions for each of these are summarised in Table SM3 ). The total area of classified land-use types at each site were calculated and expressed as proportions. All classification was undertaken by J.M.H. who was familiar with the landscape at each site, and subsequently ground-truthed by revisiting sites.
Supplementary Statistical Appendix S2
Analytical approach
Comparison of prevalence, multidrug resistance and antibiogram diversity between wildlife, livestock, human and environmental compartments. A Bayesian analysis framework with MCMC was used to compare prevalence of resistance to 13 antibiotics between epidemiological compartments. This was applied using JAGS via the R package 'R2jags' 10, 11 . A burn-in of 4000 iterations, three chains, and a thinning rate of 10 and 15,000 iterations for each posterior distribution was used. Diffuse normal priors N(0,100 2 ) were used for the Bernoulli distribution, and the prior densities were plotted. Variation in prevalence between compartments was assessed by comparing posterior densities. Generalised Linear Mixed Effects Models (GLMMs) were developed to test whether MDR-E. coli carriage and AMR profile length differed between host compartments. The response variable for MDR-E. coli carriage was coded from 0 to 1, and antibiogram length was measured from 1 to 13; as such, a binomial distribution with logistic link function and Poisson distribution were used, respectively.
To assess how wildlife AMR profile diversity was distributed across all four epidemiological compartments (wildlife, livestock, human, environment), diversity was compared between compartments using four ecological measures of diversity related to Rényi's measures of generalized entropy. This approach is described by Mather et al. 12 , where the exponential of Rényi's entropy (Dα) estimates the effective number of species (AMR profiles in this case), and α represents a scale parameter, along which profile richness and relative abundance of profiles are weighted differently. The four diversity indices that were compared across compartments sit at different levels of α: at D0, profile richness (PR) is a count of AMR profiles (which ignores relative abundance, thus considering rare and common profiles equally); at log(D1), Shannon entropy (SEn) is the probability of any two isolates drawn at random having the same profile; at 1/D2 Simpson diversity (SD) is the relative abundance of each profile; and at 1/D∞ the Berger-Parker diversity (BP) is the proportion of the most common profile in the sample. Adjustments were made to each diversity measure to account for variation in sample size between compartments by resampling all compartments to the sample size of the smallest compartment (environment), with replacement. Bootstrapping 1000 times provided a median value with confidence intervals (CIs) for each of the diversity measures. For each index, the diversity index differences were compared between compartments using a Kruskal-Wallis test with Holm adjustment for multiple comparisons to compare ranges of .
Methods adapted from the community ecology literature were used to extend the comparison of phenotypic diversity between epidemiological compartments by estimating the number of undetected AMR profiles in each epidemiological compartment. This approach is similar to that of Anthony et al 13 , who used comparable approaches to estimate mammalian viral diversity. Rarefaction and species accumulation curves were generated from the incidence data for all 13 antibiotics. The 'exact' accumulation method and non-linear regression models were used to estimate profile-area relationships, and thus the shape of the species accumulation curves. An appropriate non-linear model for each compartment was selected by subsampling half of the data, and extrapolating to the total number of samples in each compartment. Models with the closest predictions to the correct number of species were used. Sampling to the asymptote of these curves would reveal the total number of profiles in each compartment, but at prohibitive effort and costs. As such, Chao2, ICE and Jackknife incidencebased statistical methods were used to estimate the minimum total profile richness in each compartment from the data, by looking at frequencies of phenotype occurrence in collections of individuals. These nonparametric estimators are considered more robust than model-based estimates, and particularly suited to the purposes of comparison between compartments, because they make no assumptions of distributions underlying species detection rates, which may differ between assemblages 14 . Rarefaction and species accumulation were performed in the R package 'vegan' 15 , and richness estimates were computed in the R package 'fossil' 16 . To consider the implications for surveillance, methods from Chao et al 17 were followed to estimate the sampling effort required to detect a given proportion of the total AMR profiles estimated for each compartment.
Role of wildlife functional ecology in AMR-E.coli carriage.
A Bayesian analysis framework, as described above, was used to estimate prevalence of resistance to 13 antibiotics between wildlife taxa. Ecological traits considered potentially important factors for exposure of wildlife to AMR were sourced from metadata and published sources (see Table S3 ). These included taxonomic group (avian, bat, rodent), feeding ecology (food source and canopy strata) 18 , home range, and association with water 19 . Home range estimates for all species except bats were calculated by allometric scaling of body weight 20 . Scaling factors published for functionally different mammals and birds by Ottoviani et al 21 were used, and species mean body weights were either collected during sampling, or sourced from published datasets when unavailable 8, 22 . Two GLMMs were developed to investigate variation in the likelihood of multidrug resistant (MDR)-E. coli carriage and length of antibiograms in wildlife, as determined by these functional traits. The response variable for MDR-E. coli carriage was coded from 0 to 1, and antibiogram length was measured from 1 to 13; as such, a binomial distribution with logistic link function and Poisson distribution were used, respectively. For each set of response and explanatory variables, data exploration was carried out following the protocol described in Zuur et al 23 . Data exploration revealed marked correlation between several of the explanatory variables, and as such, taxonomic groups and feeding niches were either combined or considered separately, and association with water was not considered as a covariate. Spatial structure was captured using Distance-based Moran's eigenvector maps (dbMEM), and the dependency structure of each model was assessed by fitting random-intercept models to the response data. The full models including all covariates are depicted in Figure SM1 .
AMR exchange between wildlife, livestock and humans within households. A separate set of GLMMs were developed to investigate household-level risk factors for the likelihood of MDR-E. coli carriage in select urban wildlife with synanthropic traits (rodents and seed-eating birds). A set of anthropogenic and ecological covariates capturing AMR-E. coli carriage in livestock and humans, livestock keeping practices, land use within households and ranging behaviour of wildlife were derived from metadata and published sources (Table S3 ). The proportion of cropland within each household was mapped by visual classification using ArcGIS, and subsequently ground truthed within each household (for further details see Chapter 2.5). Separate GLMMs with binomial distribution and logistic link function were fitted for rodents and seed-eating birds, using the same set of covariates. The response variable, MDR-E. coli carriage, was coded from 0 to 1. For each set of response and explanatory variables, data exploration was carried out following the protocol described in Zuur et al 23 . Spatial structure was captured using db-MEMs and the dependency structure of each model was assessed by fitting random-intercept models to the response data. The full models including all covariates are depicted in Figure SM1 .
Missing Data. Missing data consisted of i) a single household that declined to take part in the study, but for which wildlife samples were collected, and ii) unidentified birds and rodents, which could not be accurately assigned to a functional group. This data was treated as Missing Completely at Random (MCAR), and isolates were subsequently removed from the respective analyses. For household-level comparative analyses between wildlife, livestock and humans, wildlife isolates collected from the household that declined to participate were removed from the analysis (n=7). For comparative analyses between wildlife functional groups, isolates from animals that could not be assigned to a functional group were excluded (n=12).
Generalised linear mixed models (further details).
Data exploration was used to test for and address potential statistical problems in the dataset that could inflate type I and type II error. Following protocols described by Zuur et al. 23 , the main sources of error tested for in the development of each model were the influence of outliers in the response or explanatory variables, collinearity between explanatory variables, and zero-inflation (the number of zeros in the data). For each model, relationships between all sets of explanatory covariates were assessed using multi-panel pairwise scatterplots, Pearson correlation coefficients, and variance inflation factors (VIF). To reduce the influence of collinearity on model parameter estimates, variables with high VIFs were sequentially dropped, until all VIFs were smaller than a preselected threshold of 3 23 . Only these variables were carried forward to the full model, and subsequent model selection procedures. Cleveland dotplots were used to identify outliers in response and explanatory variables. Outlying data points in response variables were addressed by selecting an appropriate probability distribution for use in the model (e.g. using a Poisson distribution for count data). Where outlying data points were present in explanatory variables (and were not believed to be true measurement errors), log base 10 or square-root transformations were applied to the variable in question.
GLMMs were constructed based on hypothesis-driven ecological reasoning, in which biological understanding of the underlying system was used to build a global model by selecting variables a-priori. This dataset consists of multiple observations within each household, which are nested within sublocations. As such, where generalised mixed effects models were used, random effects household, sublocation, or both were included (the dependency structure of each model was assessed separately by fitting random-intercept models to the response data, and comparing the intra-class correlation coefficient [ICC, latent variable method 24 ]). To account for the fact that antimicrobial sensitivity testing of wildlife samples was split between two laboratories, the laboratory at which each sample was tested was included as a covariate in each model. Sampling was carried out over the course of a year, and as such, temporal trends in the dataset were assessed by plotting mean MDR-E. coli carriage against the week in which samples were collected ( Figure SM2 ).
Optimal models were constructed using stepwise, backwards elimination from the full model based upon Akaike information criteria (AIC). Significance of model terms were tested by the maximum likelihood test, and the fit of each model was reported as marginal regression coefficients of multiple determination (marginal R 2 ) where possible. Model assumptions were verified by plotting residuals versus fitted values, and by assessing models for overdispersion. Non-linear relationships were checked by fitting a generalized additive model (GAM) between the response and explanatory variables, featuring a nonlinear smoother, in R package 'mgcv' 25 . The residuals were also assessed for spatial dependency by plotting them against geographic coordinates, and examining the results of a semivariogram in R package 'gstat' 26 .
Modelling spatial structure with dbMEMs (further details). Urban environments and their host communities are spatially heterogeneous. Understanding spatial structures present across the urban landscape and in these communities, could indicate the underlying processes that have created them, and as such, it is important to capture this spatial structure in statistical models. In complex ecological and epidemiological systems, spatial structure operates across multiple scales, and a single response variable can display structure at more than one spatial scale 27 . To address this, a statistical method called Distance-based Moran's eigenvector maps (dbMEM) was used to represent spatial structure across all scales in the models in this study 28 . This approach begins with identifying the scales at which spatial structure (autocorrelation) is present in the response variable. The dbMEM base functions (eigenvectors) which represent structure in the response variable, are generated through a PCoA performed on a matrix of geographic distances between sites (households). Linear trends are tested for, and, if identified in the data, spatial detrending is applied before conducting dbMEM analysis (as recommended by Boccard et al 28 ). Eigenvectors modelling positive spatial correlation are extracted, and regressed against the response variable to determine a set of significant dbMEM base functions modelling spatial structure in the response variable. These base functions can then be included as explanatory variables in a global model, or their variance can be removed from the model if spatial structure is deemed a 'nuisance variable'. To make them ecologically meaningful, dbMEM base functions can be split into arbitrary groups representing different spatial scales. Generally, base functions can be ordered from broad-to fine-scale as their number increases (e.g. Figure  SM3 ) 27 . Table SM1 . The seven wealth groups used by the Urban Zoo Project, and the number of sub-locations with a dominant wealth group identified and selected in the Nairobi municipality. Reprinted with permission from Bettridge et al. [5] . Plot showing dbMEM eigenvectors modelling spatial variation in households at different scales across Nairobi. Increasing numeric magnitude of dbMEMs represents a gradient of broad to fine-scale spatial structure. As such, in this example MEM1, MEM8 and MEM10 model broad through to medium scale spatial resolution, and MEM19, MEM25 and MEM27 model medium through to fine-scale spatial resolution across Nairobi. Black and white blocks represent the GPS location of households.
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